Near-infrared (NIR) spectroscopy is one of the most prominent non-destructive techniques which can classify the quality of agricultural products. An important issue for the NIR is when the new target data from different environments, e.g. area, orchard, harvesting age, harvesting year, etc., is classified by the existing classifier, the predicting performance might not be effective. Furthermore, the classification model re-building can incur the cost in term of laboring or time.
INTRODUCTION
Mango (Mangifera indica L.) is a climacteric fruit with a high commercial value in both domestic and international markets. Mainly, the cultivation areas of mangoes are at the middle of the country, though they begin to be cultivated throughout the country. In 2010, Office of Agricultural Economics (OAE) of Thailand reported that, Thailand had exported 43.04 million tons of mango fruits creating 1,493.25 million Thai Baht revenue. Furthermore, the number was increased to 2,006.79 million Thai Baht by 63.83 million tons of mango fruits in 2011. An important factor for exporting is the quality of mango fruits, in which the proper sweetness and sour flavor were required [1] .
The pre-and post-harvest processes influence the fruit quality apparently. At the beginning of pre-harvest processes, the planting areas of the mango orchards will be cleaned after harvesting, and the mango trees will be pruned for the nourishing preparation. After these processes, irrigation and fertilization are set and planned on the proper schedule which these processes will prepare the trees before flowering. After fruits setting, the fruits are bagged by carbon bag until harvesting time. The postharvest process will begin when the fruits are transferred from the orchard to be classified at the packaging house. At this place, the workers will take the mango fruits out of the bags, and the classification of the mango fruits is begun.
Typically, the fruits are classified under the requirements from traders or distributors. For the exporting-grade mangoes, the fruits will be graded on green stage. However, mango fruits will be consumed by the customers at the ripeness stage. Meanwhile, the workers will be able to grade the quality of the mango fruits with only physical properties e.g. color, firmness, size and weight. Such grading method at the green stage cannot usually guarantee the flavors quality when fruits are in ripe stage. Thus, the quality classification is still an important issue.
Generally, the mango fruit qualities can be measured by chemical analysis. The chemical analysis is a precise quality measurement. Such analysis can provide the quality information e.g. moisture content, acidity, sugar, protein and starch [2] [3] . Although, the chemical analysis can provide a precise quality-measurement, this method will need the fruits to be destroyed. So, only the samples of fruits will be used in such analysis in which the quality of all fruits might not be able to be guaranteed.
Near-infrared (NIR) spectroscopy is an important nondestructive technique which can provide the quality analysis both in terms of quantity and quality of agricultural products. NIR spectroscopy has been widely adopted for detection and monitoring of quality in agricultural industry for decades [3] [4] . NIR spectroscopy has the several good characteristics e.g. fast speed, easy to use and high precision [3] . For mango fruits, NIRS was also interested by many researchers and practitioners. For example, NIR spectroscopy was represented to measure the dry matter of the mango fruits by Guthrie and Walsh [5] . Also, the physiological properties of mango fruit cv. 'Tommy Atkins' were measured by NIR spectrometry, the measurement included softening of the flesh, total soluble solid content, and acidity [6] .
In generally, the NIR spectrum from the samples will refer to the combinations chemicals bonds. The spectral data of the samples can be calculated for determining the chemical properties so that the quality attributes can be determined further [7] . Although, NIR techniques are able to classify the [12] . In our work, the ensemble classification will contain the calibration models trained from the data with different harvesting year, and harvesting period for the fruit collection on such year. In the experiments, the performance of the proposed ensemble classification and the traditional method, single classification, is evaluated in term of the varied environments by different datasets.
RELATED WORK
The mango fruit is a large, fleshy drupe. The fruit has rich aromatic flavor. It has well mixture of sourness and sweetness those are considered as good taste. It contains carbohydrate (starch and sugar), organic acid, lipid, pigment, and volatiles. In addition, sucrose, glucose, and fructose are the principal carbohydrates presented in ripe mango fruits. All these substances can be an indicator of the quality of mango fruit [13] [14] . Typically, such qualities are influenced from the pre-and post-harvest processes. For example, the effect of water shortage can be seen from the total soluble solids-toacidity ratio, or firmness measurements [15] . However, when the non-destructive quality measurement is necessity, grading mango fruit by expert workers in the green stage is generally selected. In which such grading might not guarantee the quality in term of the flavor.
Organic acids and sugars are the key components in the perception of mango flavor as in most fruits. On the other hand, as a result of starch hydrolysis from increased amylase activity during ripening [16] [19] , while Selvaraj et al. [20] reported glucose as a predominant. Conflicting reports on the relative concentrations of individual sugar, which are presented in mango at different stages of ripening, were attributed to varying cultivars and storage conditions [18] . Acid levels are expressed frequently in term of pH and titratable acidity (TA), while sugar concentrations are reported as total soluble solid content (TSS) [19] [21] [22] . A few investigators, however, have attempted to understand how concentration varying of these components affects flavor perception of the fruit. Kapse et al. [23] reported, that the increasing of TSS while the acidity is decreased, can improve the flavor of mango.
NIR spectroscopy is a non-destructive measurement technique. It has been widely applied in quality evaluation of many agricultural and food products [3] . NIR spectroscopy is based on the absorption of electromagnetic radiation at 780-2500 nm wavelength. To apply NIR spectroscopy, the products are first irradiated with the radiation, and the reflected or transmitted radiation is measured. NIR spectra of foods comprise of broadband spectra arising from overlapping absorptions corresponding mainly to overtones and combinations of vibrational modes involving C-H, O-H, and N-H chemical bonds [27] . The most prominent absorption bands occurring in the NIR region are related to overtones and combinations of fundamental vibrations of -CH, -NH, -OH (and -SH) functional groups. Radiation interacting with a sample may be absorbed, transmitted or reflected. In place of conventional chemical analysis, that usually are destructive, expensive, time consuming, and high level of polluted waste producing, NIR quality evaluation can be a proper solution, which does not destroy the products. Aside from that, NIR spectroscopy is a solution which is low cost, rapid, repeatable, and chemical-free analysis. Also, NIR equipment are simple to use, and can be operated by unskilled personnel [8] [24] [25] [26] .
After the development of high performance NIR instruments e.g. fiber-optics transmission, or the interaction spectroscopy mode which can non-destructively measure fruits and vegetables, NIR spectroscopy has become popular since 1970s [27] . In order to apply NIR spectroscopy for quality predicting, first, an NIR instrument has to be calibrated using chemical reference methods. It also requires reliable hardware systems and complicated mathematical techniques to interpret calibration results [28] . While the radiation penetrates the product, its spectral characteristics change through wavelength-dependent scattering process and absorption process. This change depends on the chemical composition of the product, as well as on its light scattering properties which are related to the microstructure.
In most literatures, the calibration equations, the prediction models, are usually developed by the linear regression model. The regressions relate the spectral data from NIR spectrometry and one or more chemical contents in fruit. The information of chemical composition, which can be extracted from the complex NIR spectra, can be determined for the prediction. Although, the processes are depended on the selected statistical calibration methods. Advanced multivariate statistical techniques, such as MLR are also usually applied to extract the required information from the spectra [7] .
In the calibration process, high level of experience is required, since the complexity of NIR spectra and lacking of sufficient prior information. Selection of an optimal pre-processing method is still relied on trial and error approaches, and it largely depends on the nature of the data and the practitioner's experience or expertise. Thus, attempts to predict the quality of the fruit by machine learning technique have been made [29] . Majority of the work applying such techniques are classification, which is to model the relationships contained in the training dataset, particularly between the attributes of the data and the classes. Subsequently, the obtained model can be
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used to predict the classes, e.g. quality as our work. In addition, the other machine learning techniques can be used to reduce the procedures of data pre-treatment e.g. dimension reduction, noise removal, or reducing spectra to wavelet components [30] [31].
However, any approach to predict the quality which sets a single optimal objective might be not very reliable, or robust, for the target data. The main reason is that the predicting model built by the data from a single source can fail when predicting the quality of the spectrum data from the differentenvironment sources e.g. growing areas, time of harvesting, or season. To the best of our knowledge, research progress on the robustness issue has yet to be made.
Ensemble classification technique, a combination of multiple classification models, was firstly reported that it can increase prediction accuracy when compared to a single classification [11] [12] . In the naïve form of the method, the prediction model is combined from a set of classifiers, sub-classifiers, from various training data. Subsequently, it performs prediction by taking a vote result from the predictions made by each sub-classifier. This approach can provide robustness since each sub-classification model will be assigned its weight according to the target data. Since each sub-classifier are usually trained from different environments. Thus, it can tolerate different environment effectively. Wang et al. [12] proposed to improve the prediction accuracy of classifiers using ensemble classification technique under the time-evolving environment. The weight of each sub-classifier is updated when a next sequential data are available. In general, such weight is inversely proportional to the expected error of the recent up-to-date. If the dataset to be predicted has the higher likelihood to the training dataset of any subclassifier, more weight should be assigned. However, there could be more than one sub-classifiers having high likelihood compared to the dataset to be predicted. So, the cooperation takes place among sub-classifiers, and thus the approach can be highly robust. The result showed that a classifier ensemble can outperform a single classifier in the presence of concept, or environment, changes. Masud et al.
[11] also proposed a multi-partition and multi-chunk ensemble technique, which the data within a partition are also divided into multiple chunks for further weighting.
MATERIALS AND METHODS
In this work, we aim at applying the ensemble classification to predict the Brix values which are measured from total soluble solid (TSS) of the inside of the matured mango fruits at the harvesting period by the NIR spectroscopy measurement. As mentioned before, such values affect the eating quality of the fruits after ripening [32] [33] . In this section, the materials for evaluating our work as well as the methodology are presented as follows.
Materials
The mango fruits cv. Nam Dok Mai Sri Thong used in the evaluation were harvested from a farmer orchard in Phrao, Chiang Mai province. All of the fruits were transported to the evaluation site by control temperature truck at 25 degree Celsius.
Spectrum acquisition
The NIR spectra measurement, a commercially available NIR spectrophotometer, "NIRsystems Model 6500" (Foss NIRSystems, Silver Spring, USA), equipped with a spinning module and a rotating cup in the reflectance mode was used. The NIR measurements were obtained in the long wavelength region from 700 nm to 1100 nm. Each couple of the spectra was scanned at 2 nm gap. All of the spectra for the prediction processes were the average of 32 scans. A ceramic disc was used as the reference. During the NIR measurement, the temperature of the sample of mango fruits was controlled at 25 degree Celsius.
Chemical analysis
After the spectra acquisition, a portion of flesh of each fruit, was taken and analyzed for the TSS determination. The mango portion was squeezed in fingers and then the juice was analyzed using a PAL-1 digital refractometer (ATAGO, Tokyo, Japan). Once the TSS had been determined, the Brix values were used to indicate the mango fruit quality.
Ensemble Classification

Data and Sub-Classifiers Preparation
After the data for quality prediction are obtained, let us describe the approach used for creating the training dataset here. Firstly, in order to obtain each data record, the spectra of each mango fruit formed the features of the training data record, and each Brix value was used as the class label of the record. In addition, the data treatment processes, i.e. noise reduction, feature enhancement using second derivative, and were applied for the effectiveness of further processes.
Subsequently, the dataset composed of NIR spectra and the Brix values are partitioned into chunk as in Wang et al. (2003) . The selection of the data record into corresponding chunks was based on harvesting year, and harvesting period for the fruit collection on such year. Thus, the data records with the same harvesting year and harvesting period were selected into the same chuck. This resulted in six chunks of data as the details are shown in Table 1 .
When the data partitioning had been finished, for each chunk, the data were divided into calibration set, and validation set. The calibration set was used to build the sub-classifier, the calibration model in the form of multiple linear regression (MLR) equation. The validation set was to be used for validate the prediction accuracy as well as the weight determination later on. So, six sub-classifiers with its validation set of data were prepared. 
Weight Determination and Classification
Once the sub-classifiers, six calibration models, were built, a naïve approach could be the classification by averaging their predicted Brix values. However, in this paper, we first determined weights for each sub-classifier using the approach similar to Wang et al. (2003) . Once the weights were determined, they were used to filter out any sub-classifier which its likelihood to the data to be predicted was too low. With this intuition, the classification can be performed based on only the models which are trained in a similar environment to the target data.
International Journal of Computer Applications (0975 -8887) Volume 83 -No 14, December 2013
In order to determine the weight of each sub-classifier, a dataset with a number of data records and their class labels, which are belonged to the target environment for the prediction so called new validation set, has to be prepared firstly. If such dataset are not available, a chunk of data gathered from the similarity to the target environment, e.g. the data from the same orchard with similar harvesting period, can be used instead. From the practitioner point of view, such dataset can be obtained from the samples of the fruit at the working site.
After such new validation set is obtained, the weight of each sub-classifier is determined as in Equation (1). (1) where is the weight of sub-classifier i is the root mean square of error of the sub-classifier i against the its own validation set.
is the root mean square of error of the subclassifier i against the new validation set.
From the equation, it can be seen that the sub-classifier which was trained from the data similar to the new validation set will have more weight. Thus, the sub-classifier with too less weight can be filtered out. In our experiments, the subclassifiers with +/-2-weight were filtered out. Subsequently, the rest of the sub-classifiers can be used to classify the target data by averaging their predicted Brix values.
In order to evaluate our proposed approach, it was compared with a single MLR-classification approach, as well as a naive MLR-ensemble classification approach, which is only averaging the Brix value without weight consideration.
RESULTS AND DISCUSSION
From 860 mango fruits, the spectral data and chemical contents were combined into a training dataset. This dataset was partitioned into 6 chunks by harvesting years and harvesting period as described in the previous section. Each chunk of data, an MLR calibration model was built as a subclassifier. Such 6 sub-classifiers, which were referenced s1Y09P1, s2Y09P2, s3Y09P3, s4Y10P1, s5Y10P2, and s6Y10P3, were combined into an ensemble classifier. The weights of the sub-classifiers of the ensemble classifier were adjusted prior to the predicting of the target data. The performance of all classification approaches was compared by standard error of prediction (SEP) as in the other literatures. First, the performance of the traditional approach, single classifier, was evaluated before the performance of the proposed approach was shown. Such single classifier was trained from the whole data combined from every chunk. In Fig. 1 , the performance of each sub-classifier, and the single classifier were presented. Each reported SEP value was the average SEP obtained from predicting error against all six validation sets. From the figure, it can be seen that the SEP of the single classifier was very low, i.e. its SEP was at 0.99. When considering the performance of each sub-classifier evaluated as a single classifier, the SEP of all sub-classifiers was ranged from 1.13 to 2.03. It means that the performance of the single classifier was quite high. The main reason behind this was the size of the datasets it had been built from comparing with the smaller chunks of data for the subclassifiers.
However, if we consider the performance of the single classifier against each single validation set in Fig. 2 , it can be seen that the SEPs were very varied. This can be an indicator that the single classifier approach cannot fit with any different environment. When considering the nature of the classifiers, e.g. the MLR equation in this case, they select only some of the wavelengths to build the model. In which the selected wavelengths will rely on the soluble solid content (SSC) of mango fruits. Though, the selected wavelengths were optimal subjected to the SEP of the calibration set, these wavelengths may not be appropriated for all chunks, or all different environments.
After the performance of the single classifier as well as each single classifier has been presented, the performance of our proposed approach, an ensemble classification, is presented in Fig. 3 . The result of the single classifier, naïve ensemble classifier, and the proposed weighted ensemble classifier, are reported. In this experiment, each reported SEP value was the average SEP obtained from the predicting error against all six validation sets as in the first experiment. For the proposed weighted ensemble classifier, the number of remained subclassifiers was about 3-4, i.e. sub-classifiers s3Y09P3, s3Y10P1, or s6Y10P3 were filtered out. From the result, it can be seen that the proposed approach had a lower SEP than the single classifier as well as the naïve ensemble classifier. Though, the marginal is not very high, the robustness against the changed environments of the ensemble classifier can be useful in practices. To clearly evaluate the performance of the proposed ensemble classifier, its SEPs against each individual validation set were reported in Fig. 4 . From the result, it can be seen that in majority of the data chunks, i.e. VS1Y09P1, VS2Y09P2, VS4Y10P1, and VS5Y10P2, the SEPs of the proposed approach was lower. When consider the two validation sets which the ensemble classifier had a higher SEP, i.e. VS3Y09P3 and VS6Y10P3. They had a high standard deviation compared to the other four chunks. The standard deviation of VS1Y09P1, VS2Y09P2, VS3Y09P3, VS4Y10P1, VS5Y10P2, and VS6Y10P3 were 1.24, 1.23, 1.79, 1.25, 1.79, and 2.49 respectively. Thus, the ensemble classifier, which selected only some sub-classifiers, could be affected more than the single classifier. Additionally, the two validation sets had only 85-90 records meanwhile the four validation sets have between 120-130 records. This increased the effect of the deviation in the chunks. However, with these effects, the proposed ensemble classifier can still be considered as a better classifier based on the overview and detail results. Thus, it can be summarized that a high performance classifier can be obtained by the proposed weighted ensemble classification.
CONCLUSIONS
In this paper, an ensemble classification approach was proposed to predict the quality of mango fruits. The objective was to tackle the issue of different environments that the prediction process had to be executed. In order to achieve this, the sub-classifiers, MLR calibration models, were assigned a weight according to the similarity target dataset. After the weight for each sub-classifier, proportionally inverse value of the difference between its RMSEP and the RMSEP of the new validation set, was determined, the sub-classifier with too less weight can be filtered out. Only the remaining sub-classifiers were used to predict the Brix values.
From the experiments, the proposed ensemble classifiers had a higher performance, which was indicated by the SEP values, than the traditional single classifier approach as well as the naïve ensemble classifier. The weights can be used to filter out some classifiers which were not similar to the target data.
In the future work, we will focus on the dynamisms of the data. Not only the static datasets will be considered, but also when the new data are added to the set, the efficient approach to manage them for prediction process is not a trivial issue. Semi-structures containing the knowledge of each subclassifier could be investigated for such problem setting.
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